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There is limited systematic research examining whether the face disclosure of a provider can influence the 
customers’ intention to purchase thereby reflecting in the demand for the service provided in a sharing 
economy platform. If there is a provider’s face presented in a profile picture, how the facial expression of 
emotion can further influence the demand? In this paper, we drew from social presence theory and the trust 
literature to explore the mechanism through which the face disclosure and facial expressions of a provider 
influence the demand for service provided by a sharing economy platform. Using data from Airbnb.com, 
we find that the face disclosure of a host will have a positive influence on the property demand and positive 
facial expressions of a host will have a positive influence on the property demand at Airbnb. We interpret 
and discuss the implication of this study for theory and practice. 
Keywords 
Facial Expression, Service Demand, Online Platforms, Sharing Economy 
Introduction 
Sharing economy has become a new way of organizing economic activities that substitute the traditional 
company-centered model (Sundararajan 2016). It is a peer to peer online market “model that provides 
sharing of access to services and goods” (Zhang et al. 2016, p.1). For example, people can get access to rooms 
and apartments (e.g. Airbnb), cars (e.g. Uber and Lift) and freelance labor (e.g. TaskRabbit) in sharing 
economy platforms (Deng and Ravichandran 2017). Among all these platforms, Airbnb is one of the most 
well-known “marketplaces for short term accommodation rentals” (Proserpio et al. 2017, p.13). During its 
rapid growth, Airbnb encountered several challenges. For instance, customers might prefer to choose a 
hotel rather than a room at Airbnb due to concerns or anxieties about the quality of service provided by a 
host, the perceived trustworthiness of a host and even their personal privacy and safety (Deng and 
Ravichandran 2017). Trust is very difficult to build in this loosely-regulated marketplace “where 
participants face information asymmetries regarding each other’s quality” (Zervas et al. 2015, p.2). While 
many sharing economy platforms such as Airbnb provide some features (e.g. request guests’ identity 
checks) that help providers evaluate their customers, customers do not have such official ways to evaluate 
their providers. Customers can only use and seek available online information cues about providers (e.g. a 
host profile picture, a host description and customer reviews about a host) to evaluate and get known about 
their providers. Unlike traditional e-commerce platforms, transactions in the sharing economy platforms 
do not include online trading but have face to face or personal interaction with providers (Ert et al. 2016). 
At Airbnb, some hosts pick up guests from the airport, offer free breakfast and even “take their guests on 
neighborhood tours” (Proserpio et al. 2017, p2.). It is necessary for customers to get clear information about 
the host before they choose to stay and interact with him or her. Among all the information cues available 
in a sharing economy platform (e.g. Airbnb), a profile picture can offer the customers the most intuitive 
information about the host. Some hosts are willing to disclose their faces through profile pictures while 
others not. Some hosts’ profile pictures express emotions, gestures, and expressions while others not. This 
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triggers our curiosity to investigate two research questions: 1) whether or not the face disclosure of a host 
can influence the customers’ intention to purchase thereby reflecting in the demand for the property that 
the host lists; 2) if there is a host face presented in a profile picture, how the facial expression of emotion 
can further influence the property demand? Understanding these two research questions has important 
implications for both academics and practitioners.  
Past IS research has examined the effect of human images in different areas such as website design (Cyr et 
al. 2009), but limited research focuses on the effect of human images with facial expressions on the demand 
for services provided in sharing economy platforms. There is a clear need for us to develop a theoretically 
anchored framework to explore the role of providers’ images in sharing economy platforms since providers’ 
pictures serve as important visual cues in trust formation which can be observed and perceived by 
customers to make a purchase decision. While recent studies have started to examine the effect of a 
provider’s picture in the sharing economy, they used surveys and experiments and lack a sense of theory. 
For example, Ert et al. (2016) used a controlled experiment to examine the effect of perceived 
trustworthiness from a host’s picture on the listing price and the probability of the property being chosen. 
Fagerstrøm, et al. (2017) used an experiment to examine the provider’s facial expression on the customers’ 
likelihood to explore a listing’s web page and then to choose the listing. Ert and Fleischer (2017) examined 
the influence of facial and image characteristics on the attractiveness and trustworthiness of a host. To the 
best of our knowledge, this paper is the first to develop a theory-based framework to explore the effect of 
the face disclosure and facial expressions of a host on the property demand by using archived data from 
Airbnb.com. 
We believe this paper makes several contributions. First, this paper contributes to growing research on the 
sharing economy. Past research examined how sharing economy platforms (e.g. Uber or Airbnb) influence 
the traditional industries (e.g. Transportation or Hospitality) (e.g. Zervas et al. 2017), racial discrimination 
or race similarity in the sharing economy (e.g. Edelman et al. 2017), the motivations to participate in the 
sharing economy (e.g. Matzner et al. 2015) and trust and reputation in the sharing economy (e.g. Ert et al. 
2016). Limited research focuses on the role of visual cues in trust formation among customers in the sharing 
economy and how it can influence the property demand. Although there is some research about the effect 
of the face disclosure or facial expression in other fields such as marketing (Small and Verrochi 2009) or 
psychology (Niedenthal et al. 2001), limited research focuses on the role of human images in sharing 
economy platforms. Second, it will provide guidelines for platform designer and providers. Platform 
designers might use our findings in designing guidelines to encourage a provider to post a profile picture 
with a face and especially with a smiling face. By knowing the effect of providers’ pictures on demand, 
platform designers might design a larger size for providers’ profile pictures to make them easily noticeable 
and identifiable. For providers in a sharing economy platform, this study and its findings provide specific 
and actionable guidelines for them to improve their profiles and in turn attract more customers. 
Theoretical Background 
We draw from relevant theories and past literature to develop our theoretical model. Information 
asymmetries are used to explain why the disclosure or absence of a face is important in a sharing economy 
context, where participants face information asymmetries towards each other’s quality (Zervas et al. 2015). 
Social presence theory clarifies why the absence or presence of the facial image of a provider can influence 
the perceived trustworthiness of a provider. The existing research that links the trust in sellers to customers’ 
intention to purchase is applied to illustrate why the increased trust in providers can influence demand for 
services provided by a sharing economy platform. 
Information Asymmetries 
In the peer-to-peer platform, both providers and customers face information asymmetries towards each 
other’s quality (Zervas et al. 2015). Unlike traditional e-commerce platforms, transactions in sharing 
economy platforms do not only include monetary risks but also involve safety and security risks (Ert et al. 
2016). Thus, how to alleviate information asymmetries and create a safe and trustworthy transaction 
environment is very important in a sharing economy context compared to other non-sharing economy 
context (e.g. traditional e-commerce platforms). Signaling and screening are two mechanisms to lighten 
information asymmetries (Mayya et al. 2017).  We take Airbnb as an example. By using screening, Airbnb 
designers provide a series of features to help hosts evaluate their customers by requesting guests provide 
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offline IDs (e.g. driving license), online IDs (e.g. Google, Facebook and LinkedIn), and verified photos to 
pass identity checks (Deng and Ravichandran, 2017). Hosts can get to know the customers’ information 
very well through the screening procedures. However, customers lack such a mechanism and can only seek 
and use publicly available informational cues or signals (e.g. customer reviews, a host self-description, and 
a host profile picture) to evaluate their hosts. There are two kinds of information which plays an important 
role in information asymmetry: information about quality and information about intention (Stiglitz 2002). 
From customer reviews, guests can know about a host’s quality from past customers’ experience. From a 
host self-description, guests can identify a host’s intention to provide a good service and the nature of 
interaction with customers. However, customers still cannot get a full impression about a host from text-
only information until they see the real face of a host they will stay and interact with. Thus, a face disclosure 
from a host’s picture is an important signal to mitigate customers’ concern about hosts’ quality and behavior 
intention. Morris (1987) have found that information asymmetry can be alleviated with more information 
signaling. The disclosure of a host face will provide more signals than the absence of a host face and 
therefore decrease information asymmetries.  
Social Presence Theory and Perceived Trustworthiness in Providers 
The definition of social presence is “the degree of salience of the other person in the interaction and the 
consequent salience of the interpersonal relationship” (Tang and Wang 2011, p.2) and is “the degree to 
which a person is perceived as ‘real person’ in mediated communication” (Gunawardena 1995, p.151). 
Factors that can influence “the degree of social presence are a facial expression, a direction of looking, 
posture, dress and nonverbal cues” (Tu and McIsaac 2002, p.133). Social presence has been examined 
“extensively in modeling computer-mediated communication” (Weisberg et al. 2011, p.83).  When social 
presence is low, people may feel it easier to “hide information” and participate in “untrustworthy behavior” 
(Weisberg et al. 2011, p.86). When social presence is high, people may expect effective communication 
which in turn increases trust (Weisberg et al. 2011).  In e-commerce websites, Cyr et al. (2009, p.544) argue 
that “perceived social presence will be highest in the high-human condition compared to the medium-
human and no-human condition”. In addition, a high level of social presence through human images will 
have a positive influence on perceived trustworthiness (Cyr et al. 2009). 
Perceived trustworthiness incorporates “four dimensions: ability, benevolence, integrity and predictability” 
(Mayer et al. 1995; Büttner and Göritz 2008; Smollan 2013, p.727-728). Ability refers to the provider’s 
capability to accomplish promises given. Benevolence indicates that the provider is interested in customers’ 
well-being (Büttner and Göritz 2008; Deng and Ravichandran, 2017). Integrity means that the provider 
obeys a series of desirable principles. Predictability denotes that customers believe the provider’s actions 
are consistent enough so that customers can predict them (Mcknight and Chervany 2001; Deng and 
Ravichandran, 2017). The perceived trustworthiness of a provider can help reduce the social complexity, 
vulnerability (Lu et al. 2016) and social uncertainty (Chen et al. 2016) customers might feel in online 
shopping websites by encouraging customers to start a rational assessment of a situation (Chen et al. 2016), 
rule out undesirable but possible behaviors of sellers or providers (Lu et al. 2016), and in turn “engage in 
the trust-related behaviors” such as making purchases or sharing information (Lu et al. 2016, p.229). It is 
well established that customers’ trust in sellers in online websites is positively related to their purchase 
intention (e.g. Chen et al. 2016; Pavlou and Gefen 2004; Gefen et al. 2003). Thus, the perceived 
trustworthiness of a provider will influence customers’ intention to purchase (Mcknight and Chervany 
2001) in a sharing economy context. 
Hypotheses Development 
The focus of this paper is to explore the effect of the face disclosure and facial expressions of providers on 
the demand for service provided in a sharing economy platform. We argue that customers’ purchase 
decision will be influenced by information cues provided in this platform. Among all information cues, the 
profile picture can offer customers the most intuitive information or impression about the provider since it 
will mitigate customers’ concern about providers’ quality or behavior intention. Using Airbnb as our 
research context, we examine how the face disclosure of a host will influence the demand for the property 
this host lists. If there is a face disclosure from a host’s profile picture, we examine how the facial expression 
of a host will influence the property demand.  Cyr et al. (2009) identified three social presence conditions 
in e-commerce websites: functional text with a basic product picture is presented as low social presence 
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condition; emotional text with a fundamental product picture is presented as medium social presence 
condition; emotional text with pictures that depict human beings interacting with the product is presented 
as high social presence condition (Cyr et al. 2009). At Airbnb, in addition to text information about listing 
characteristics (e.g. listing description, price, room type, property type, and customer reviews about the 
listing or the host) and the host profile information, hosts could choose whether to post a profile picture 
with a face or not. Some hosts’ profile pictures present host faces while others show a landscape or a pet. 
We argue that a profile picture with a face disclosure will create high social presence condition while a 
profile picture without a face disclosure will create low social presence condition. According to social 
presence theory, the higher level of social presence through host pictures will have a positive influence on 
the perceived trustworthiness in a host (Cyr et al. 2009). This increased perceived trustworthiness about a 
host’s ability, integrity, benevolence, and predictability will increase customers’ intention to purchase 
thereby reflecting in the property demand. Thus, we hypothesize that, 
Hypothesis 1: Face disclosure of a host will have a positive influence on property demand. 
Mehrabian and Ferris (1967) revealed that 7% of the impact of the message is contributed by words, 38% 
by tone of voice and 55% by nonverbal communication such as facial expressions or body language. If a 
host’s profile picture presents a host face, a facial expression of a host is one of the important cues of 
building trust (Deng and Ravichandran, 2017). Thus, the various facial expression will influence the 
perceived trustworthiness in a host. No matter hosts are professional or private, a facial expression in a 
profile picture elicits various emotion in observers, which is described as “emotional contagion” (Small and 
Verrochi 2009): “the exposure to an individual expressing positive or negative emotions can produce a 
corresponding change in the emotional state of the observer” (Pugh 2001, p.1020), which will play an 
important role in “signaling potential positive or negative outcomes” (Fagerstrøm et al. 2017, p.124). 
Positive facial expressions such as a smile enhance the observers’ “feeling of familiarity with” unfamiliar 
faces (Fagerstrøm et al. 2017, p.125). People trust familiar individuals; so, a smiling face is perceived as 
more favorable and trustworthy (Fagerstrøm et al. 2017). Accordingly, guests will perceive smiling hosts as 
more polite, honest and sociable (Hess et al. 2002). Drawn from research that links the perceived 
trustworthiness and customers’ purchase intention, the more trustworthy a host is perceived by customers, 
customers will be more likely to choose this host. In addition, positive facial expressions such as smiling 
will influence customers’ mood positively through emotional contagion (Pugh 2001). In the peer-to-peer 
platforms, Kim and Park (2017) argue that the disclosure of smiling faces is related to a 5% increase in the 
funding amount in a crowdfunding platform. If the host resides in the listing, a positive facial expression 
indicates that a host is enthusiastic and will make every effort to make guests feel at home. Customers will 
be more likely to choose to stay with an enthusiastic host and feel more comfortable about interacting with 
a passionate host. Even for professional hosts who might not always reside in the listing, a positive facial 
expression of a host will increase customers’ tendencies to explore a listing page and increase the likelihood 
to rent (Fagerstrom et al. 2017). Thus, we argue that a positive facial expression of a host will increase 
customers’ intention to purchase and thus, in turn, increase the property demand. Therefore, we 
hypothesize that, 
Hypothesis 2: Positive facial expressions of a host will have a positive influence on property demand. 
A neutral facial expression represents the absence of emotions (Fagerstrøm et al. 2017) and control of 
emotions (Schneider et al. 2013). A neutral facial expression is perceived as least trustworthy (Krumhuber 
et al. 2007). Drawn from research that links the perceived trustworthiness and customers’ purchase 
intention, the less trustworthy guests feel about a host, the less likely they will choose to stay with this host. 
Negative facial expressions such as anger “is perceived as a sign of threat and aggression” (Fagerstrøm et 
al. 2017, p. 124). If the host is a private host, the main concern about choosing Airbnb is the uncertainty 
about personal safety or security and the service quality provided by the host. Guests are less likely to choose 
a host with an angry face which signifies a threat or aggregation (Fagerstrøm et al. 2017). In addition, 
neutral or negative facial expressions will influence customers’ mood negatively through emotional 
contagion that the exposure to a host expressing neutral or negative emotions can influence customers’ 
emotional state negatively (Pugh 2001). If the host resides in the listing, a neutral or negative facial 
expression indicates that the host is pococurante and lacks hospitality. Customers will be less likely to 
choose to stay with an indifferent or angry host. Even for professional hosts who might not always reside in 
the listing, a neutral or negative facial expression will reduce customers’ tendencies to explore a listing page 
and decrease the likelihood to rent (Fagerstrøm et al. 2017). Thus, a neutral or negative facial expression of 
The Effect of Facial Expression on Service Demand 
Americas Conference on Information Systems 5 
a host will decrease customers’ intention to purchase and thus decrease the property demand. Therefore, 
we hypothesize that, 
Hypothesis 3: Neutral facial expressions of a host will have a negative influence on property demand. 
Hypothesis 4: Negative facial expressions of a host will have a negative influence on property demand. 
Empirical Methods 
Data 
We downloaded a monthly panel dataset of 80,992 listings in New York City and San Francisco between 
January 2017 and September 2017 collected by “Inside Airbnb” website, which is a non-commercial source 
of data about information from the Airbnb website1. The dataset provides rich information about listings 
and hosts’ characteristics. For listing information, it provides listing URL, listing name, listing location, 
listing description, property type, room type, number of accommodations, number of beds, number of 
bedrooms, number of bathrooms, review rating, number of reviews, and whether the room is instantly 
bookable or not and so on. For host information, it provides the host name, location, host description, host 
response time, host profile picture URL, whether the host is a super host or not, the number of listings the 
host owns, and when the host joined Airbnb.com. In this paper, we focus on listings which have host profile 
pictures, which yielded a final panel data set of 80,906 listings with 63,717 hosts and 504, 619 listing-month 
observations. We collected the demand data and the average daily price for all the listings in our data 
through a third-party service provider-AirDNA2.  This company not only provides daily information about 
Airbnb listings but also develops machine learning algorithms to distinguish which room is really available 
to be booked versus being blocked for private use by the host (AirDNA 2018). For each listing on each day, 
they collect whether a listing is booked, reserved or available and the listing’s daily price. Further, they 
calculate the monthly demand and monthly price information by aggregating the daily performance 
information.  
Variable Measurement 
Our dependent variable is the property demand, which was measured by the occupancy rate of the property. 
The occupancy rate was calculated by the ratio of the number of reserved days to the sum of the number of 
reserved days and available days in a month for a listing. Our main independent variable is the face 
disclosure, which is a dummy variable. We coded it as 1 if there is a face disclosure and 0 otherwise.  We 
used python programming to apply Face++ API to analyze host profile pictures in our dataset. Face ++ is a 
face detection software that uses a deep learning network to characterize faces (Fan et al. 2014). This 
software is reported to have an accuracy of 97.3% (Fan et al., 2014) in classification. We chose Face++ since 
“it represents a state-of-the-art facial recognition technology” (Jung et al. 2017, p.140) and is extensively 
adopted in academic research. For example, Jung et al. (2017) used Face ++ to detect gender, race, and age 
from Twitter profile pictures. Edelman et al. (2017) used Face ++ to detect past guests’ race, gender, and 
age from guest pictures in a sharing economy platform. The input to Face++ API is a host profile picture’s 
URL for each listing in each month from our dataset. The output is the number of faces in a picture, age, 
gender, race and facial expressions such as sadness, neutral, disgust, anger, surprise, fear, and happiness. 
In this paper, we only focused on the host’s face thus we did not consider the pictures which have multiple 
faces. Positive facial expression is a dummy variable. We coded it as 1 if the sum score of happiness and 
surprise is highest among all expressions’ scores and 0 otherwise. Negative facial expression is a dummy 
variable. We coded it as 1 if the sum score of anger, disgust, fear, and sadness is highest and 0 otherwise. 
Neutral facial expression is a dummy variable. We coded it as 1 if the score of neutral is highest and 0 
otherwise. In the robustness check, we coded each facial expression (i.e. sadness, neutral, disgust, anger, 
surprise, fear, and happiness) as dummy variables. We also controlled for listing-related variables and host-
related variables which might influence the property demand. For listing-related variables, we first used 
listing-level fixed effects to control for unobserved time-invariant listing specific factors. For time-variant 
listing factors, we controlled for the number of reviews received by a specific month, the overall review 
rating by that month, whether the listing has enabled the function of instant booking in that month, the 
average booked daily price in that month. This monthly price includes cleaning fee but no other additional 
 
1 The dataset is publicly available at http://insideairbnb.com/get-the-data.html 
2 The company website is at https://www.airdna.co/ 
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fees. We also include the number of properties in the same zip code to control the competition in a focal 
property’s neighborhood. For host-related variables, we controlled for host profession, host tenure, whether 
the host is a super host and whether the host is verified. A professional host is defined as the host who has 
more than three listings, which was coded as 1 if the host is a professional host and 0 if the host is a private 
host. For time-variant host specific controls, we included host tenure, which was measured by the number 
of days the host of a listing has been on Airbnb by a specific month. In addition, we considered whether the 
host is a super host, which was coded as 1 if the host of a listing is recognized by Airbnb as a superhot in 
that month, whether a host is verified by Airbnb in that month. Table 1 summarizes the measures for the 
theoretical constructs as well as the control variables. We elaborate on these measures below. The 
descriptive statistics of the available variables are presented in Table 2.   
Variable Type Operational Measure 
Occupancy Rate Criterion The ratio of the number of reserved days to the sum of the number 
of reserved days and available days in a month for a listing 
Face Disclosure Predictor It was coded as 1 if the number of faces in a profile picture is equal 
to 1 and 0 otherwise 
Positive Facial Expression Predictor It was coded as 1 if the sum score of happiness and surprise is 
highest and 0 otherwise 
Negative Facial Expression Predictor It was coded as 1 if the sum score of anger, disgust, fear and sadness 
is highest and 0 otherwise 
Neutral Facial Expression Predictor It was coded as 1 if the score of neutral is highest and 0 otherwise 
Expression_Happniess Predictor It was coded as 1if the score of happiness is highest and 0 otherwise 
Expression_Surprise Predictor It was coded as 1 if the score of surprise is highest and 0 otherwise 
Expression_Disgust Predictor It was coded as 1 if the score of disgust is highest and 0 otherwise 
Expression_Anger Predictor It was coded as 1 if the score of anger is highest and 0 otherwise 
Expression_Sadness Predictor It was coded as 1 if the score of sadness is highest and 0 otherwise 
Experssion_Fear Predictor It was coded as 1 if the score of fear is highest and 0 otherwise 
Expression_Neutral Predictor It was coded as 1 if the score of natural is highest and 0 otherwise 
Host Profession Control It was coded as 1 if the host has more than three listings and 0 
otherwise 
Host Tenure Control The number of days the host of a listing has been on Airbnb by a 
specific month 
Super Host Control It was coded as 1 if the host of a listing is recognized by Airbnb as a 
super host in that month and 0 otherwise 
Verified Host Control It was coded as 1 if the host of a listing is verified in that month and 
0 otherwise 
Review Rating Control The overall review rating by a specific month 
Number of Reviews Control The number of reviews received by that month 
Instant Bookable Control It was coded as 1 if the listing has enabled the function of instant 
booking in that month 
Property Price Control The average booked daily price in that month 
Number of Properties Control The number of properties in the same zip code 
Table 1: Operational Measure for Variables 
Variable N Mean Std. Dev. Min Max 
Occupancy Rate 392445 0.425297 0.4111695 0 1 
Face Disclosure 504619 0.7624089 0.4256077 0 1 
Positive Facial Expression 504619 0.5193166 0.4996272 0 1 
Negative Facial Expression 504619 0.0641117 0.2449521 0 1 
Neutral Facial Expression 504619 0.1789806 0.3833364 0 1 
Expression_Happniess 504619 0.5008373 0.4999998 0 1 
Expression_Surprise 504619 0.0187627 0.1356859 0 1 
Expression_Disgust 504619 0.0165788 0.1276872 0 1 
Expression_Anger 504619 0.0136023 0.1158333 0 1 
Expression_Sadness 504619 0.0206017 0.1420468 0 1 
Experssion_Fear 504619 0.0107507 0.1031268 0 1 
Expression_Neutral 504619 0.1812754 0.3852466 0 1 
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Host Profession 504619 0.0969583 0.2959013 0 1 
Host Tenure 504619 1122.212 660.4605 1 3500 
Super Host 504619 0.1124551 0.3159259 0 1 
Verified Host 504619 0.6736132 0.4688911 0 1 
Review Rating 383407 93.36609 8.284503 20 100 
Number of Reviews 504619 18.24819 34.1201 0 542 
Instant Bookable 504619 0.2048892 0.4036211 0 1 
Property Price 237423 161.9909 143.6434 1 11500 
Number of Properties 497414 726.3141 495.0725 1 2269 
Table 2: Variables and Descriptive Statistics 
Preliminary Regression Analysis and Results 
We performed the instrumental variables and two-stage least squares for panel-data models by adding the 
property and month fixed effects. The property fixed effect is to control for property-level and time-
invariant unobserved factors while the month fixed effect is to rule out the unobserved time-varying 
heterogeneity. Since we control for the average property price in a month and it is an endogenous variable, 
we need to find an instrument variable which is correlated with the average price in current month but not 
correlated with the property demand in current month (Zhang et al. 2017). We used the lagged price (i.e. 
the average price in a previous month) as an instrumental variable to solve this endogeneity concern since 
the lagged price is correlated with the current price but not associated with the current demand (Zhang et 
al. 2017). 
We present the regression estimation results in Table 3. For control variables (Model 1), we find that 
whether a listing belongs to a professional host or private host has no effect on the property demand. We 
find host tenure has a positive influence on the property demand (β =.00115, p<0.01), which suggests that 
customers are more likely to choose a listing with an experienced host. Whether the host is a super host and 
whether the host’s identity is verified have a positive influence on the property demand (β =.0118, p<0.01; 
β=.0123, p<0.01), which indicates that host reputation and qualification will influence customers’ purchase 
decision and in turn influence the property demand. The overall review rating will have a positive influence 
on the property demand (β =.00275, p<0.01), suggesting that others’ opinion about a property or a host 
will influence customers’ purchase intention as reflected in the property demand. We find that the total 
number of reviews will have a negative influence on the property demand (β =-.00225, p<0.01). Since the 
occupancy rate is the proxy for the property demand and it is the ratio of the number of reservation days to 
the sum of the number of reservation days and available days (i.e. the total calendar days in a month minus 
the blocked days). The more reviews (i.e. the increasing total number of reviews) a property get, the more 
popular this property is and fewer days are blocked for booking. The more days this property will be 
available for booking, the less occupancy rate will be. Thus, the total number of reviews will have a negative 
influence on the occupancy rate. In addition, we find that the function of instant booking will have a positive 
influence on the property demand (β =.0464, p<0.01), which indicates that enabling the function of instant 
booking will boost the property demand. The instrumented property price will have a negative influence on 
the property demand (β =-.000753, p<0.01), which satisfy our expectation that the more expensive the 
property is, the less demand will be. The number of properties in the same zip code will have a negative 
influence on the property demand (β =-.00063, p<0.01), which indicates that the property demand will be 
negatively influenced by the competition in its neighborhood. 
Variables Model 1 Model 2 Model 3 Model 4 
Occupancy Rate Occupancy Rate Occupancy Rate Occupancy Rate 
Host Profession -0.00385 -0.00384 -0.00369 -0.00371 
 (0.00501) (0.00501) (0.00501) (0.00501) 
Host Tenure 0.00115*** 0.00115*** 0.00115*** 0.00115*** 
 (0.0000132) (0.0000132) (0.0000132) (0.0000132) 
Super Host 0.0118*** 0.0119*** 0.0118*** 0.0118*** 
 (0.00241) (0.00241) (0.00241) (0.00241) 
Verified Host 0.0123*** 0.0127*** 0.0128*** 0.0128*** 
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 (0.00467) (0.00467) (0.00467) (0.00467) 
Review Rating 0.00275*** 0.00275*** 0.00275*** 0.00275*** 
 (0.000256) (0.000256) (0.000256) (0.000256) 
Number of Reviews -0.00225*** -0.00225*** -0.00225*** -0.00225*** 
 (0.000102) (0.000102) (0.000102) (0.000102) 
Instant Bookable 0.0464*** 0.0464*** 0.0464*** 0.0465*** 
 (0.00290) (0.00290) (0.00290) (0.00290) 
Property Price -0.000753*** -0.000753*** -0.000754*** -0.000754*** 
(Instrumented) (0.0000613) (0.0000613) (0.0000612) (0.0000612) 
Number of Properties -0.000630*** -0.000630*** -0.000630*** -0.000631*** 
 (0.0000159) (0.0000159) (0.0000159) (0.0000159) 
Face Disclosure 0.0191***    
 (0.00550)    
Positive Expression  0.00982**   
  (0.00479)   
Negative Expression   0.00550  
   (0.00814)  
Neutral Expression    0.00413 
    (0.00589) 
Property Fixed Effect Yes Yes Yes Yes 
Time Fixed Effect Yes Yes Yes Yes 
Constant -0.182*** -0.172*** -0.168*** -0.168*** 
 (0.0283) (0.0281) (0.0280) (0.0281) 
N 155396 155396 155396 155396 
R2 0.1122 0.1121 0.1121 0.1121 
F 5.01 5.00 5.01 5.01 
Standard errors in parentheses* p < 0.10** p < 0.05  *** p < 0.01 
Table 3: Main regression 
In Model 1 for H1 in Table 3, we find a positive and significant effect of the face disclosure of the provider 
on the property demand (β =.0191, p<0.01), suggesting that the face disclosure of a host will have a positive 
influence on the customers’ intention to purchase as reflected in the property demand. Thus, we find 
support for H1. When it comes to facial expressions, we find in Model 2 that a positive facial expression will 
have a positive influence on the property demand (β =.00982, p<0.05), which supports H2. However, we 
do not find the significant effects of a negative or neutral facial expression on the property demand in Model 
3 and Model 4, failing to support H3 and H4. We examined the effect of specific positive, negative or neutral 
facial expressions on the property demand to ensure robustness. From Table 4, we find that most of the 
previously determined impacts remained significant. In addition, we find two positive facial expressions 
such as happiness and surprise have positive effects on the property demand (β=.00849, p<.1; β=.0433, 
p<.01) and specific negative facial expressions (i.e. disgust, anger, sadness, and fear) and neutral facial 
expressions do not have any effects on the property demand, which are consistent with our main results. 
Variables Model 1 Model 2 Model 3 Model 4 
Occupancy Rate Occupancy Rate Occupancy Rate Occupancy Rate 
Host Profession -0.00385 -0.00378 -0.00373 -0.00371 
 (0.00501) (0.00501) (0.00501) (0.00501) 
Host Tenure 0.00115*** 0.00115*** 0.00115*** 0.00115*** 
 (0.0000132) (0.0000132) (0.0000132) (0.0000132) 
Super Host 0.0118*** 0.0119*** 0.0118*** 0.0118*** 
 (0.00241) (0.00241) (0.00242) (0.00241) 
Verified Host 0.0123*** 0.0126*** 0.0128*** 0.0128*** 
 (0.00467) (0.00467) (0.00467) (0.00467) 
Review Rating 0.00275*** 0.00275*** 0.00275*** 0.00275*** 
 (0.000256) (0.000256) (0.000256) (0.000256) 
Number of Reviews -0.00225*** -0.00225*** -0.00225*** -0.00225*** 
 (0.000102) (0.000102) (0.000102) (0.000102) 
Instant Bookable 0.0464*** 0.0464*** 0.0465*** 0.0465*** 
 (0.00290) (0.00290) (0.00290) (0.00290) 
Property Price -0.000753*** -0.000754*** -0.000754*** -0.000754*** 
(Instrumented) (0.0000613) (0.0000613) (0.0000612) (0.0000612) 
Number of Properties -0.000630*** -0.000630*** -0.000631*** -0.000630*** 
 (0.0000159) (0.0000159) (0.0000159) (0.0000159) 
Face Disclosure 0.0191***    
 (0.00550)    
Expression_Happiness  0.00849*   
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  (0.00482)   
Expression_Surprise  0.0433***   
  (0.0159)   
Expression_Disgust   0.00215  
   (0.0156)  
Expression_Anger   -0.00600  
   (0.0178)  
Expression_Sadness   0.0141  
   (0.0130)  
Expression_Fear   -0.00264  
   (0.0208)  
Expression Neutral    0.00379 
    (0.00578) 
Constant -0.182*** -0.173*** -0.168*** -0.168*** 
 (0.0283) (0.0281) (0.0280) (0.0281) 
Property Fixed Effect Yes Yes Yes Yes 
Time Fixed Effect Yes Yes Yes Yes 
N 155396 155396 155396 155396 
R2 0.1122 0.1121 0.1121 0.1121 
F 5.01 5.01 5.01 5.01 
Standard errors in parentheses * p < 0.10 ** p < 0.05  *** p < 0.01 
Table 4: Robustness Check 
Managerial Implication and Future Work 
While research examining the effect of the face disclosure and facial expressions on the property demand 
in a sharing economy platform is few, this paper helps us better understand how visual cues can alleviate 
information asymmetries and facilitate the demand in a loosely regulated marketplace (Zervas et al., 2015). 
This paper also contributes to a growing literature on the sharing economy and provides guidelines for 
platform designers and providers. Our preliminary findings suggest that: the face disclosure of a host will 
have a positive influence on the property demand at Airbnb. A positive facial expression will have a positive 
influence on the property demand at Airbnb. Platform designers might use our findings in designing 
guidelines to encourage a host to post a profile picture with a face and a positive facial expression. We will 
conduct more robustness checks to validate our results in the future work.  
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